The measurement of inequality of opportunity has hitherto not been attempted in a number of countries because of data limitations. This paper proposes two alternative approaches to circumventing the missing data problems in countries where a demographic and health survey (DHS) and an ancillary household expenditure survey are available. One method relies only on the DHS, and constructs a wealth index as a measure of economic advantage. The alternative method imputes consumption from the ancillary survey into the DHS. In both cases, we compute a lower bound estimator of the share of (ex-ante) inequality of opportunity in total inequality. Parametric and nonparametric estimates are calculated for each method, and the parametric approach is shown to yield preferable lower-bound measures. In an application to the sample of evermarried women aged 30-49 in Turkey, inequality of opportunity accounts for at least 26% (31%) of overall inequality in imputed consumption (the wealth index).
Introduction
A key development in modern thinking about social justice has been the theoretical incorporation of a central role for personal responsibility into the definition of fairness. Since Rawls's (1971) A Theory of Justice, and Sen's (1980) Tanner Lectures, political philosophers and economists have begun to ask what might be the right space in which equality should be promoted. A distinction began to be drawn between inequalities that are due to personal responsibility, and which may therefore be ethically acceptable, and those that are not, and which may therefore be classified as unjust.
An important strand of this thinking has argued that equality of opportunity provides the appropriate "currency of egalitarian justice" (Cohen, 1989) . Society and the State, as its representative, should aim to provide a level playing field, eliminating, to the extent possible, inequalities due to morally irrelevant circumstances, whereas inequality reflecting differences in personal efforts might well be acceptable. Variants of this approach have been proposed by Dworkin (1981) , Arneson (1989) , and Roemer (1993 Roemer ( , 1998 . A recent overview of this literature can be found in Fleurbaey (2008) .
Economists have also started considering the possibility that the distinction between inequality of opportunity and inequality in the space of outcomes may matter, not only normatively, but also positively. There is considerable evidence, for example, that attitudes to inequality affect attitudes to redistribution, and that the extent and nature of redistribution in turn affect both economic efficiency and equity. 2 And attitudes to inequality may differ depending on whether people perceive income differentials as arising from differences in effort, versus from differences in race, gender or family background. It has also been speculated that inequality of opportunity may be negatively associated with subsequent economic growth, whereas inequality that arises in response to effort may actually provide useful incentives, and not be detrimental. See Bourguignon, Ferreira and Walton (2007) and Marrero and Rodríguez (2010) .
In order to test these ideas empirically, a lively literature has developed on how inequality of opportunity -perforce a somewhat abstract concept -can be quantified and measured in practice. A number of approaches have recently been proposed, following the formal definitions in Roemer (1993 Roemer ( , 1998 and van de Gaer (1993) . These include Bourguignon, Ferreira and Menéndez (2007) , Trannoy (2008, 2009 ), Checchi and Peragine (2010) , and Ferreira and Gignoux (2008) .
Although these papers differ in important respects in how they propose to measure inequality of opportunity, they share some common features. In particular, they typically rely on individual-or household-level data on at least two sets of variables: an advantage (Roemer's term for an outcome that everyone can reasonably be presumed to value, such as income, wealth, educational achievement, or good health), and a number of circumstances (Roemer's term for variables that may influence advantages, but over which individuals cannot exercise any control -such as race, gender or family background).
In practice, most studies have typically used some measure of economic wellbeing (such as earnings, income or consumption) as an advantage variable, and data on race, parental education and/or parental occupation as circumstances. For many countries,
however, even such a limited set of variables is seldom available in the same data set. In developing countries, in particular, most cross-sectional household income or expenditure surveys do not contain information on the education, occupation or socioeconomic status of the parents of today's adult earners. This limitation has prevented the application of existing techniques for measuring inequality of opportunity in a number of countries.
indicators of household wellbeing and we show how they can also be used to generate lower-bound estimates of inequality of opportunity, either on their own, or in combination with consumption data from a (separate) household expenditure survey.
The first proposed method relies on information from the DHS exclusively, and uses a "wealth index" -constructed as the first principal component of the asset and housing quality indicators -as a composite measure of socioeconomic status (following Filmer and Pritchett, 2001 ). The second proposed method relies on additional information from a household expenditure survey, from which the correlations between consumption and various covariates common to both surveys can be inferred. These correlations are then used to impute consumption expenditures onto the DHS sample, following McKenzie (2005) . 4 By construction, each of these methods gives rise to distributions with very different properties, requiring different inequality indices for analysis. For each case we derive suitable measures of inequality of opportunity, and estimate them both parametrically and non-parametrically, along the lines of Ferreira and Gignoux (2008) .
Although the two approaches are quite distinct, they do ultimately rely, at least in part, on the joint distribution of asset, housing and amenities indicators in the DHS, and part of our contribution is to compare the ways in which that same underlying information gives rise to different measures, as a result of incorporating data from other sources, or applying different statistical procedures in the analysis.
We compare the two approaches in the context of an assessment of the degree and nature of inequality of economic opportunity among Turkish women, using Turkey's Demographic and Health Survey (TDHS) and Household Budget Survey (HBS). Our estimates suggest that between one quarter and one third of the observed inequality among women in Turkey is due to unequal opportunities, depending on which method is used. We also propose and describe an "opportunity profile", which reveals that opportunity deprivation is particularly pronounced in rural areas of the Eastern provinces, and among families headed by people with mothers with no formal schooling. 4 This imputation method may be seen as a simplified version of the "poverty mapping" methodology of Elbers, Lanjouw and Lanjouw (2003) . 5 Turkey is an interesting application not only because of the data configuration and of its interesting geographical and ethnic disparities, but also because it is a country with middling levels of income inequality (Aran et al. 2008 report a Gini coefficient of 0.31 for consumption per equivalent adult), but where people appear to be highly averse to inequality, and to attribute it to "social injustice". 85% of
The paper is organized as follows. Section 2 summarizes our general approach to the measurement of inequality of opportunity, drawing in part on a companion paper (Ferreira and Gignoux, 2008) . Section 3 describes the datasets and presents the two alternative indicators of economic advantage that we construct: the "wealth index" and an imputed measure of household per capita consumption expenditure. Section 4 adapts the measure of inequality of opportunity from Section 2 to these alternative indicators, and discusses alternative parametric and non-parametric estimation methods. Section 5 presents the results of the analysis for Turkey. Section 6 introduces the concept of opportunity profiles, and presents our estimates for Turkey. Section 7 concludes.
The measurement of inequality of opportunity
There are two conceptually distinct approaches to the definition and measurement of inequality of opportunity in the recent literature. Both originate from the idea that inequality of opportunity is associated with inequality due to circumstances, rather than with inequality arising from differences in effort. But whereas the ex-ante approach focuses on outcome differences between groups of people that share the same circumstances, the ex-post approach looks at outcome differences among individuals who exert the same degree of effort. Their names originate from the fact that the ex-ante approach considers differences among groups with different circumstances, (conceptually) prior to the realization of effort levels, while the ex-post approach relies on the observation of those realizations. 
, so that tranches give rise to an alternative population partition,
6 This step requires the innocuous assumption that, in the population, n k /P is an integer, for all k. It also requires a more serious decision on how to treat any inequality within each type-quantile cell. We follow Checchi and Peragine (2010) in eliminating that "residual" inequality. Income k p ỹ in our framework thus corresponds to the entries in Checchi and Peragine's (2010) "smoothed" tranches.
In essence, the ex-post approach views inequality of opportunity as inequality within tranches: i.e. inequality among people who have exerted the same degree of effort, regardless of their circumstances. Indeed, it was first described by Peragine (2004) , as the "tranches approach". Equality of opportunity corresponds to a situation in which, for every tranche p,
. Naturally, this would imply equality of conditional advantage distributions across types:
Equation (1) corresponds to what Bourguignon, Ferreira and Walton (2007) and Lefranc, Pistolesi and Trannoy (2008) refer to as Roemer's "strong" definition of equality of opportunity. It follows directly from Roemer's (1993) social objective function:
which requires the social planner to choose a policy φ so as to maximize the sum across quantiles, of the advantage level of the lowest type (k) at each quantile (p).
The ex-ante approach, in turn, sees inequality of opportunity as inequality between types; indeed it was first described by Peragine (2004) as the "types approach".
Conceptually, the ex-ante approach does not require observing effort, but does require some evaluation of the opportunities faced by people in each type. Most of the literature follows van de Gaer (1993) and Bossert (1997) 
Since P is the same for all types by construction, this min-of-sums rule yields the same solution as the min-of-means rule:
Although they originate from very similar conceptions of inequality of opportunity it has been shown that, in general, the ex-ante and ex-post approaches give rise to different social rankings across different allocations, and thus to different empirical measures of inequality of opportunity. 8 In this paper, we follow van de Gaer (1993) , the types approach in Checchi and Peragine (2010) , Bourguignon, Ferreira and Menendez (2007) , and Ferreira and Gignoux (2008) in adopting the utilitarian ex-ante approach to inequality of opportunity: We are interested in capturing inequality in the value of the opportunity sets available to each type, and we value those sets by their mean outcome, so that equality of opportunity is defined by equation (3).
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In this case, it follows rather naturally that the measurement of inequality of opportunity should seek to capture the extent to which
, for l k  . This would seem to call for an inequality index defined not on the marginal distribution of advantages, y, but on the corresponding smoothed distribution. A smoothed distribution, which we denote   k i  , was originally defined by Foster and Shneyerov (2000) , and is 7 Ferreira and Gignoux (2008) note that (3) is always implied by (1) so that, empirically, any rejection of a null hypothesis given by (3) implies a rejection of the null hypothesis given by (1). That the two approaches, while clearly distinct, remain related, also appears to be the view in Roemer (2002) , who presents the van de Gaer rule in (4) as an alternative compromise aggregation procedure to (2). 8 See e.g., Fleurbaey and Peragine (2009) . 9 See Ooghe et al. (2007) for a discussion of the ex-post and ex-ante approaches which treats the ex-ante approach as being "concerned with the equalization of opportunity sets to which people have access" (p.209). 
Here, I(.) denotes any scalar inequality measure satisfying the following wellknown axioms:
Symmetry: the index is invariant to any permutation in the vector y.
Transfer principle: the index rises with any combination of regressive transfers in y. Equation (5) is an intuitive measure of ex-ante inequality of opportunity: the between-type share of overall inequality in y. This measure was proposed both by Checchi and Peragine (2010) and Ferreira and Gignoux (2008) , and both papers also 10 Since we do not use tranches in the analysis that follows, we no longer need to work with the typespecific distribution in terms of quantiles. So we define the smoothed distribution with respect to the vector k y , rather than the distribution k ỹ .
11 Since these are standard axioms for relative inequality measures, we do not state them here formally again, but simply describe them heuristically.
consider the corresponding measure of inequality of opportunity levels,
Three remarks about r  are in order.
First, if we require the inequality index I(.) to further satisfy the axiom of pathindependent decomposability, then the class of measures given by (5) collapses to a single measure:
where E 0 denotes the mean logarithmic deviation.  is degenerate, so that equation (3) Third, given that not all relevant circumstances are ever observed in the data, any empirical partition Π is an incomplete partition in terms of the theoretical full set of circumstances. Relevant circumstances that lie beyond an individual's own control and that affect their lifetime advantage may well exist, but not be observed in the data. If we did observe them, and were able to further partition the population into groups defined by those variables, the between-group share of inequality might rise, but could certainly not fall. r  is therefore a lower-bound estimate of the actual share of ex-ante inequality of opportunity in total inequality.
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In the remainder of this paper, we apply this measure of ex-ante inequality of opportunity to a situation where information on the advantage variable y and the circumstance vector C are not directly available in the same household survey, so that either y must be constructed as a composite aggregate of various underlying indicators (our "wealth index" method), or information on y from an ancillary survey must be used to impute it into the main survey containing information on C (our "imputed consumption" method). We compare the two methods in seeking to quantify inequality of opportunity in Turkey.
The data and two alternative indicators of economic advantage
In many countries, the analysis of inequality of opportunity is hampered by the fact that no single dataset contains information on both an adequate set of circumstance variables and on the desired advantage variable. This is the case in Turkey, for example. questionnaire on family background, demography and health. 8075 women provided such information.
Although there is very limited information on earnings or consumption, the TDHS (like other DHS surveys elsewhere) collected reasonably detailed data on certain durable goods owned by households, on housing conditions, and on access to amenities. The TDHS survey also contains information on a set of circumstance variables for the sample of ever-married women, namely the region where they were born, the type of area of the place of birth (rural or urban), the levels of education of both the mother and father, the respondent's mother tongue, and the number of siblings 15 .
A Household Budget Survey ( arguably an ordinal nature to the alternative categories. In those cases it is statistically preferable to treat those variables explicitly as ordinal in the analysis (Kolenikov and Angeles, 2009 ). We therefore rank order the categories for those variables and aggregate categories for which there is ambiguity about the ranking, and in this regard our treatment differs slightly from the original Filmer-Pritchett method.
For each household i, the wealth index is given by:
where the F-dimensional vector a is chosen so as to maximize the sample variance of y,
. s denotes a standard deviation, and the overbar denotes a mean. listing each element of the vector x, as well as its mean and standard deviation. In practice, we compute two (slightly different) wealth indexes: the main index uses the full set of asset variables available in the TDHS, and the subsidiary index uses only the asset variables that are also available, in an exactly comparable format, in the HBS (the "common set"). The subsidiary index is calculated to facilitate the comparison between the two methods being proposed. The last two columns of Table 1 present the scoring factors for each element of x in the TDHS sample (the vector a), divided by the standard deviation, for the two asset indexes. The standard interpretation is that a yields the set of weights providing the maximum discrimination between households in the sample, in terms of their ownership of these particular assets (x).
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McKenzie (2005) lists a number of reasons why an asset index such as this might in fact be preferable to consumption or income as a basis for inequality measurement, including the likelihood that recall bias might be smaller for asset ownership questions than for some income or expenditure questions. But he also highlights two potential pitfalls in using asset indices, namely the possibilities of truncation and clumping.
Whereas truncation would most likely arise from not observing assets capable of distinguishing either the very poor from those just above them, or the very rich from those just below them, clumping might be caused by using too few assets, leading to "false modes" in the distribution, arising from insufficient discriminating power in the index. Figure 1 plots the superimposed histogram and kernel density estimate for our main asset index, revealing the absence of both truncation and clumping.
The second method we propose to circumvent the missing data problem relies on a simple statistical procedure for combining information on circumstances from the TDHS with information on consumption from the HBS. Ultimately, since the link between the two surveys is provided largely by components of the asset index (and a few additional covariates), this second exercise can be seen as an alternative way of using information on assets to measure inequality of opportunity in Turkey. Our approach here closely follows McKenzie (2005) in imputing consumption from the HBS into the TDHS, using a bootstrap prediction method.
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This procedure consists of combining a direct prediction based on a regression model, with a repeated draw of residuals comparable to a bootstrap. The relationship between wealth indicators X and per capita consumption c is estimated, on sample a S (from the auxiliary HBS survey), using a log-linear regression model:
where w are demographic controls. The estimation of (8) provides the fitted coefficients ˆ and ˆ as well as estimated residuals ˆ. In order to reproduce the observed levels of inequality, the imputation of per capita consumption into sample m S (the "main" DHS survey) is constructed by adding the linear prediction,
, and a prediction of the residual  . The predicted residual  is drawn, for the sample m S of the main survey, from the empirical distribution of residuals obtained when fitting (8) to the auxiliary sample a S . The procedure allows for heteroskedasticity by drawing  from the distribution of residuals for households with similar assets 19 . This is done in six steps:
(1) The regression in (8) is estimated using the common set of wealth indicators, and the parameters ˆ, ˆ and residuals ˆ are obtained.
(2) The sample a S of the HBS survey is divided into G = 10 groups, defined according to the deciles of the distribution of the first principal component (the wealth index) y for the set of wealth indicators common to the two surveys.
20 Separate distributions of the predicted residuals are identified for each of the 10 groups.
(3) The sample m S of the DHS survey is then divided into the same 10 groups, using the same cut-off values for y as in the auxiliary sample. The set of wealth indicators common to the DHS and HBS surveys contains 14 variables for ownership of durable goods, and four variables for housing characteristics and access to utilities. A variable indicating the ownership of agricultural land, and nine variables for demographic controls and regional dummies are also included. Table 2 presents descriptive statistics for those variables in the two samples. The results for the regression of per capita household consumption on these variables in the HBS sample are then presented in Table 3 . We use a log linear specification because of the likely nonlinear relationship between the ownership of assets and consumption.
Per capita consumption is then imputed using the fitted coefficients ˆ and ˆ presented in Table 3 and the draws of the residuals. The descriptive statistics in Table 2 suggest that the set of regressors used for the imputation have similar distributions in the two samples.
21 Figure 2 depicts kernel density estimates of the distributions of total household consumption observed in the auxiliary HBS sample, and imputed in the main TDHS sample. 22 The two distributions have reasonably similar shapes, and the levels of inequality in actual consumption in the HBS and in imputed consumption in the TDHS are also close: for the sample of 30-49 year-old women, on which our analysis focuses below, the E(0)s are 0.337 and 0.360 respectively.
Estimating inequality of opportunity with missing data
We have now constructed two alternative economic advantage variables for each household in the TDHS sample. Both are based on information on "wealth" (as proxied by a vector of ownership indicators for assets and durable goods, housing quality, and access to amenities), although the second variable also uses information from an auxiliary survey on how those assets and a few other covariates correlate with measured consumption. (Crucially, this information includes the residuals of the consumption regression on the covariates common to both surveys.)
In principle, we could now apply our scalar index for inequality of opportunity in equation (5) to the joint distribution of each of these variables (y), and the circumstance vector (C). However, the mean log deviation used in (6) is not suitable for measuring inequality in the distribution of the "wealth index" given by equation (7). By construction, this index is distributed with mean zero and a variance equal to the largest eigenvalue in the correlation matrix of x. These properties mean that most standard inequality measures routinely used for income or consumption are unsuitable for the 21 Significant differences are found only for the share of urban residence, because of the difference in the definitions of urban areas in the two surveys (agglomerations with 20,000 inhabitants for the HBS survey and 15,000 for the TDHS one), and access to piped water (the definition is more restrictive in the DHS). 22 The distribution of imputed consumption in the TDHS that is shown corresponds to the first one of the R=20 draws.
wealth index y. A zero mean impedes computation of most relative inequality measures (which generally divide by the mean), including the Gini coefficient and all members of the Generalized Entropy class. Negative values are problematic for logarithm-based measures (such as the mean log deviation, the Theil -T index, the variance of logarithms, and many others.)
For analyzing inequality in the wealth index, the simplest solution is to revert to the variance, which is straightforwardly decomposable and is also translation invariant.
Since our general measure of inequality of opportunity (in equation 5) is by construction a ratio of inequality measures, the problem of scale dependence will vanish for the opportunity index, and the (related) issue of mean dependence would seem to be of no import for a variable that has mean zero by construction. We thus set     , it is clear that (9) corresponds to the between-group share in a standard variance decomposition. Furthermore, since the weights in both the within-group and the between-group terms are simple population shares, and do not include income levels or shares, (10) describes a path-independent decomposition in the Foster-Shneyerov (2000) sense.
Equation (10) If the number of cells with fewer than 10 observations or so is non-trivial, it becomes worthwhile to estimate (9) parametrically. Following Ferreira and Gignoux (2008) , this is done by estimating a linear regression of y on the circumstance vector C:
Under the maintained functional form assumption in (11), a parametric estimate of the opportunity share of inequality
is given simply by the R 2 of (11), or:
Like most other parametric approaches in econometric estimation, this procedure economizes on data requirements, at the cost of making a functional form assumption. As discussed in Ferreira and Gignoux (2008) , we see the parametric and non-parametric estimators as complementary: while the latter may suffer from imprecise estimation of mean advantage levels for types with low sample density, the former make functional form assumptions. The fact that they are empirically quite similar (as we will see in 
ˆ
is a lower-bound estimate for the share of ex-ante inequality of opportunity in total inequality. If an additional element of C, which is presently omitted, were to become observable, the R 2 of (11) might rise, but it would not fall.
The parametric approach also allows for an additional decomposition: namely that of the total share of the variance due to the vector C, into the components due to each element of the vector. These partial shares of inequality of opportunity, associated with each individual element j C of the vector of circumstances, are computed using the regression coefficients from (11) and are defined as: 23 Note that the estimates of the partial shares rely on the validity of the specific reduced-form coefficients ψ. They are not, therefore, lower-bound estimates like the measures in (10) or (12). They are meaningful estimates of the contribution of a particular circumstance to inequality of opportunities only under the much stronger assumption that those coefficients are unbiased, i.e. that any circumstance variables omitted from the reduced-form regression
are orthogonal to C. While we report some of the partial shares given by (13) in Section 5, we do not insist much on them, given this strong caveat. Inspection of (13) immediately reveals that, for any given partition, these partial shares sum up to the overall parametric estimate of between-group inequality, given by (12). Besides this attractive additive decomposability property, this definition of circumstance-specific shares also satisfies a path-independence property. Although we have already noted that the overall non-parametric decomposition (9) is path-independent by construction, parametric estimation of the partial shares -based respectively on the smoothed and standardized distributions -are not the same. 24 However, as we show in the Appendix, equation (13) (6) can be applied directly. The main advantage of using the mean log deviation (rather than the variance) in this case, is that the distributions of imputed consumption do not have mean zero by construction, so that mean-or scale-independence becomes, once again, a desirable property for I(.).
Moreover, unlike the variance, the mean log deviation also satisfies the principle of decreasing transfers, a possibly desirable property for a measure of economic inequality. 25 Using this index, our proposed measure of the share of ex-ante inequality of opportunity in imputed consumption is given by:
.
As in the case of the wealth index, we compute this share non-parametrically (using equation 14), as well as parametrically. In this case, given that the empirical distribution of residuals is approximately lognormal, the parametric estimate uses a log- 24 Just as a smoothed distribution is obtained from a vector y and a partition Π by replacing every . 25 This principle requires that, the lower the region of the distribution where a transfer occurs, the more it will reduce the level of inequality (Shorrocks and Foster, 1987) . linear specification of the relationship between circumstances and per capita consumption:
Just as the estimates of ψ from equation (11) could be used to implement a decomposition of overall inequality of opportunity into partial shares corresponding to individual circumstance variables, a similar procedure can be followed with estimates of λ (although these are not additive in the same way). 26 They are subject to the same caveats which applied to the partial shares for the wealth index, and are reported in the next section merely as a description of the data. Finally, in order to facilitate the comparison of results between the two methods (wealth index and imputed consumption),
we also calculate equation (14) using the variance, as well as the mean log deviation. The results are discussed in the next section.
Results
This section presents our empirical estimates of the share of ex-ante inequality of opportunity in the "wealth index" and in imputed consumption, and compares the two sets of results. As discussed above, these estimates rely on statistical analysis of the joint distribution of each advantage variable with a comprehensive set of circumstance variables. To qualify as a circumstance in Roemer's sense, variables must be impossible for the individual himself to affect by choice. Given the information available in the TDHS, our vector of circumstances consists of the type of area in which the woman was born, the region where she was born, her mother's and father's levels of education, her mother tongue, and the number of siblings the individual reports having. The discrete categories for each variable, as well as the distribution of the population across them, are presented in Table 4 . Table 5 reports the results of regressions (11) for the wealth index and (15) for log imputed consumption, on those circumstance variables. Regressions are reported for both the main wealth index (using the full set of asset variables) and the subsidiary wealth index (which uses the set of variables common to both surveys) described in Table 1 .
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For the regressions in Table 5 and for all of the analysis that follows, the TDHS sample is restricted to ever-married women aged 30-49. Results for the full sample of everymarried women (whose ages span 15-49 in the survey) are available from the authors on request, but are not reported here because early marriage is selective on circumstance variables.
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Since this is a reduced-form regression, coefficients should not be interpreted causally. They reflect partial correlations between individual circumstance variables and the household's wealth index (or imputed consumption), conflating both direct and indirect effects (e.g. through efforts). 29 Nevertheless, the regression is informative. The share of explained variance,
, is 27% for the main wealth index, 30% for the subsidiary index, and 26% for imputed consumption, suggesting broadly similar "between-type" shares of inequality, regardless of the aggregation method.
Being born in an urban area, having Turkish as mother tongue, and having more educated parents are all associated with higher adult levels of "wealth" and consumption.
A greater number of siblings is associated with lower subsequent economic advantage.
Perhaps most interestingly, once these circumstances are controlled for, there is only limited evidence of an association between birth region (at the three-region level) and economic advantage: only one of six possible regional coefficients is significant: the one for birth in the West region, in the imputed consumption regression.
Our measures of inequality of opportunity among ever-married Turkish women (aged 30-49) are presented in Table 6 . This table summarizes results for both of our 27 The correlation coefficient between the main and subsidiary wealth indices is 0.94. The correlation of either one of those with imputed consumption is, of course, much lower: 0.57 for the main index, and 0.62 for the subsidiary index. 28 In other words, the composition of the sample for younger women is particularly sensitive to whether they were born in the East or West, and to different kinds of families, leading to potential sample selection biases. This problem arises because detailed information on family background is collected in the TDHS only for women who are currently married or have been married in the past. Nevertheless, the results for the 15-49 age range are not very different from those reported here for the preferred sample. 29 Thirty-four of the 42 coefficients reported in Table 5 are statistically significant at the 1% level, suggesting that multicollinearity among the circumstance variables does not pose much of a problem. Circumstance variables are obviously inter-correlated but, with Cramer V contingency coefficients in the 0.08 -0.58 range, the mutual association is far from sufficient to create serious problems by inflating standard errors. The strongest associations are between birth region and mother tongue (0.58), and father's and mother's education (0.42).
alternative methods ("wealth index" and imputed consumption), and presents both parametric and non-parametric estimates. In order to facilitate the comparison between the two methods, a number of "intermediate" alternatives are also presented. The first and second columns present the estimates for the main and subsidiary wealth indexes. The next four columns present estimates for imputed consumption, both with imputed residuals (using the bootstrap procedure described in Section 3) and without, and using both the variance and the mean log deviation (E 0 or MLD) as inequality aggregators. For each column, the first line simply reports the total inequality in the outcome variable. The second line reports the non-parametric estimate of between-type inequality, while the third line gives its parametric analogue.
As discussed in Section 4, our preferred estimates of inequality of opportunity are For the wealth indexes in the first and second columns, the non-parametric estimates are consistently larger than the parametric ones, by about five percentage points in each case. These differences are consistent with the expected imprecision in the sample estimates of cell means in equation (10), owing to the fine partition of a finite sample.
Since the exercise aims to derive lower-bound measures of inequality of opportunity as a share of observed wealth inequality, it seems preferable to rely on the parametric estimates in line 3 (from equation 12) as our benchmark result. This yields a tight range of 30% -31% for the two variants of the wealth index.
Non-parametric estimates are also considerably larger than parametric ones for all four columns using imputed consumption, suggesting that the choice of parametric estimation to generate lower-bound measures of inequality of opportunity is robust to the advantage indicator, at least in this application. Looking across the four consumption columns, it is clear that the opportunity shares are considerably higher (as high as 37%) when the residuals are not included in the consumption imputations. This was to be expected, since omitting the residuals excludes a large amount of heterogeneity which is uncorrelated with the observed covariates. Looking only at the parametric estimates for full imputed consumption (i.e. including residuals) in columns 4 and 6, we find shares of 20% using the variance and 26% using the MLD. As discussed in the previous section, an estimate based on the scale-invariant MLD measure seems superior to one based on the variance, for this advantage indicator.
Setting aside the differences due to the inequality aggregator (variance versus MLD), it would appear that the gap between our preferred measures of inequality of opportunity for ever-married women in Turkey, namely 31% for the wealth index and 26% for imputed consumption, is driven, in large part, by differences in the information used to generate the two advantage indicators. The difference between a quarter and (almost) a third is not trivial, to be sure. But neither is it worrying large, once one acknowledges that the advantage concepts are actually intrinsically distinct: the wealth index relies exclusively on more permanent indicators, such as assets and durable goods owned, housing characteristics, and access to amenities like running water and sanitation.
There is very little transitory consumption in the building blocks of this index, whereas there is much more in the imputed consumption indicator, particularly when the residuals are included. This is very clear from a comparison of columns 1, 2, and 3: when the residuals are not imputed, and the same inequality measure is used, the opportunity shares are very similar: 30%, 31% and 33%. It is the inclusion of the residuals that drives most of the difference between our preferred estimates in columns 1 and 6. While this surely reflects differences in the methodological and statistical procedures employed, such as principal components analysis and two-sample regression-based imputation, a plausible claim can be made that it also reflects, at least in part, a real difference in the nature of the advantage variable being investigated, with a greater weight for transitory components in the imputed consumption variable.
The bottom panel of Table 6 reports the partial shares of overall inequality associated with each individual circumstance included in the partition. These shares are computed using (13) for the variance, and an analogous procedure described in Ferreira and Gignoux (2008) for the mean log deviation As noted earlier, these shares are included here purely for descriptive purposes, and should not be interpreted causally in any way.
Although there are differences in the absolute numbers, both the broad orders of magnitude and the relative importance of each circumstance are fairly similar between columns 1 and 6. Whether a Turkish woman is born in an urban or rural area appears to be a powerfully associated with her economic advantage as an adult. More than a third of the overall (lower-bound) opportunity share of wealth inequality is accounted for by this circumstance alone. Parental education follows, both for the wealth index and for imputed consumption, although the order between father's and mother's education is reversed in the two cases. Taken together, they are more important than rural/urban birth in accounting for the overall share.
Mother tongue and number of siblings follow. The number of siblings result, with roughly 10% (20%) of the share of ex-ante inequality of opportunity in wealth (consumption) is not trivial, particularly when considering that this is after controlling for the education of both parents, as well as the geography of birth. As before, and despite the salience of regional differences in the literature on Turkey, the three-way (East, Center, West) partition of the country has only a limited importance in accounting for inequality in opportunity for economic advantage, once a few other basic circumstances are controlled for.
Opportunity profiles: identifying the least advantaged groups
The partition of the population into types (Π) that was used above to compute lower-bound measures of inequality of opportunity, can also be used to shed light on the distribution of opportunities among Turkish women in a more direct and disaggregated manner. As discussed in Section 2, the ex-ante approach followed in this paper assesses the value of each type's opportunity set solely on the basis of its distribution of outcomes, or advantages:
. More specifically, we follow van de Gaer Naturally, this simple valuation rule allows us to define a complete ranking of types by the value of their opportunity sets. We define an opportunity profile as the ordered partition
, corresponding to any original partition Π. This is simply an ordered set of types, ranked by their mean level of advantage. To focus on the worst-off types, we further define an opportunity-deprivation profile as a subset of Π* that includes only a certain fraction π of the population, belonging to the lowest-ranked types. Formally:  is simply the ordered set of types, ranked by mean advantage, up until the type that brings the population share of the set over 10%.
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The opportunity-deprivation profile is a useful empirical tool for the identification of the type(s) whose opportunity set valuation(s) should be maximized by a social planner that followed the van de Gaer rule (equation 4'). It would also be a useful diagnostic tool for a policy-maker that shared Roemer's (2006) view of how economic development should be measured: "The rate of economic development should be taken to 30 Alternatively, one could define an opportunity profile (and the corresponding opportunity-deprivation analogue) in terms of the opportunity sets themselves:
, or in terms of their valuations:
. We use the ordered population partition as our definition because it is more closely analogous to the common usage in the field of poverty profiles, and because it relates more directly to the targeting objective of identifying deprived groups.
be the rate at which the mean advantage level of the worst-off types grows over time." (p.243).
As an illustration, adopted an equality of opportunities perspective to define social groups, and followed the van de Gaer rule in equation (4').
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While Table 7 describes each type in the opportunity-deprivation profile individually, Table 8 better summarizes the composition of the bottom and top tenths of the (consumption) opportunity profile in Turkey. This table reveals that 99% of those women in the most advantaged group were born in urban areas, while 88% of the bottom tenth was born in rural areas. 95% of the bottom tenth of the opportunity profile was born in Eastern provinces, and 97% had mothers with no formal education whatever. A similar proportion was born in households where Turkish was not the primary language spoken, and over 70% had six or more siblings. The contrast between the two columns in Table 8 is stark: when Turkish women are ranked by the mean imputed consumption of their types, and we look at the bottom and top tenths of the ensuing distribution, they come from strikingly different backgrounds, geographically, educationally and ethnically.
Conclusion
Rising interest in inequality of opportunity among both normative and positive economists has led to various recent attempts to measure it empirically. However, 31 The "equality of opportunities perspective" is key. Since the types are ranked by their mean advantage, individuals are obviously not ranked by their individual wealth or consumption. It is clearly possible that certain individuals ranked as opportunity-deprived have greater personal wealth or consumption levels than some of the people not included among the opportunity deprived. This is a function of ranking people by the mean advantage of their type, rather than by their own individual advantage level. See Ferreira and Gignoux (2008) for a comparison of opportunity and poverty profiles, which explores this issue further.
because the measurement of inequality of opportunity generally requires reasonably detailed data on both a measure of advantage (such as income or consumption) and on a set of pre-determined background circumstances (such as parental education, ethnicity or place of birth), these attempts have run afoul of data limitations in a number of countries.
The most frequent problem is the absence of information on the parents of today's adults in the same surveys that document their incomes or consumption expenditures.
This paper proposes two alternative statistical approaches to circumvent this missing data problem, for those cases where a Demographic and Health Survey (DHS) is available. The first approach relies on the DHS alone, and uses a "wealth index" as the Roemer advantage variable. This index is computed as a principal component of a vector of assets and durable goods owned, housing characteristics and access to amenity indicators. The second approach relies on an additional, ancillary survey, and imputes a measure of consumption from that survey into the DHS.
Once these advantage variables are constructed, we apply an intuitive measure of ex-ante inequality of opportunity, developed by Checchi and Peragine (2010) and Ferreira and Gignoux (2008) : the share of between-type inequality in total inequality of advantage. The measure relies on a partition of the population by a small set of observed circumstances which can be confidently interpreted as completely independent of individual choices: region and area of birth, the educational attainment of both parents, mother tongue, and the number of siblings a person grew up with. Because this is an incomplete set of circumstances, the inequality share is interpreted as a lower bound on ex-ante inequality of opportunity.
Since the wealth index and the imputed consumption distributions are rather different statistical constructs, different versions of our measure of inequality of opportunity are calculated for each indicator. A ratio of variances is used for the zeromean wealth-index distribution, while a ratio of mean-log deviations is used for the distribution of imputed consumption. These measures are estimated both parametrically and non-parametrically, but the parametric approach yields preferable lower-bound estimators, given sample-size restrictions.
In an application of these methods to the sample of ever-married women aged 30-49 in Turkey, we found that inequality of opportunity accounts for at least 26% of total inequality in imputed consumption, and 31% of total inequality in the wealth index. We attribute the difference between these two numbers primarily to the greater transitory or unexplained heterogeneity that is present in the consumption, but not in the wealth, measure. This is consistent with the fact that the between-type inequality share is much higher for imputed predicted consumption (i.e. without imputed residuals). Nonparametric estimates are higher for both advantage indicators.
Partial circumstance shares are also computed for each method, and are interpreted purely as descriptions of the data. Rural versus urban birth, and parental education appear to be the main correlates of future economic advantage, both when measured in terms of a wealth index and of imputed consumption. The language spoken at home and the number of siblings are also important. Interestingly, once the aforementioned circumstances are controlled for, the broad geographical region in which a woman was born (Eastern, Central or Western) appears less important. Since wealth distributions do differ substantially across these regions (as do consumption and education levels), this finding suggests that such differences are due to heterogeneity in the composition of the population across regions, in terms of the other circumstances, rather than to any intrinsic regional effects.
The paper also explores the opportunity profile for Turkey, constructed by ranking household types by our chosen valuation of their opportunity sets: mean imputed consumption. Once households are so ranked, the bottom 10% of the distribution is 88% rural and 96% Eastern (by birth). 97% of them hail from non-Turkish speaking households, and the same share had mothers with no formal education. 84% had fathers with no formal schooling, and 70% had six or more siblings. The contrast with the top tenth of the opportunity distribution was striking along every dimension.
Such marked differences in economic opportunity across groups defined by morally irrelevant and pre-determined characteristics might explain, at least in part, why
Turks appear relatively inequality averse, despite a middling position in the world's ranking of consumption inequality. Perhaps more importantly, the opportunity profile of social groups, constructed on the basis of these pre-determined circumstances, might be useful to Turkish policymakers as they seek to target scarce resources and policy attention with the aim of fostering a more inclusive growth process. Table 6 reports partial shares of inequality of opportunity, associated with each individual element C j of the vector of circumstances C. These partial shares, which in the variance decompositions are computed through equation (13), using the regression coefficients from (11), have the attractive property that they sum up to the total share of inequality of opportunity computed through equation (12), using the same regression coefficients.
This appendix shows that (13) is a simple average of the two alternative paths of the variance decomposition. It therefore corresponds to the Shapley value decomposition proposed by Shorrocks (1999) . This explains its additive decomposability.
Recall that
The partial contribution of a particular circumstance C J to var(y) can be calculated in two alternative ways. Both focus on the first two terms in (A1), i. 
Taking the average between (A2) and (A3) yields (13): 
